The causal inference literature has provided definitions of direct and indirect effects based on counterfactuals that generalize the approach found in the social science literature. However, these definitions presuppose well-defined hypothetical interventions on the mediator. In many settings, there may be multiple ways to fix the mediator to a particular value, and these various hypothetical interventions may have very different implications for the outcome of interest. In this paper, we consider mediation analysis when multiple versions of the mediator are present. Specifically, we consider the problem of attempting to decompose a total effect of an exposure on an outcome into the portion through the intermediate and the portion through other pathways. We consider the setting in which there are multiple versions of the mediator but the investigator has access only to data on the particular measurement, not information on which version of the mediator may have brought that value about. We show that the quantity that is estimated as a natural indirect effect using only the available data does indeed have an interpretation as a particular type of mediated effect; however, the quantity estimated as a natural direct effect, in fact, captures both a true direct effect and an effect of the exposure on the outcome mediated through the effect of the version of the mediator that is not captured by the mediator measurement. The results are illustrated using 2 examples from the literature, one in which the versions of the mediator are unknown and another in which the mediator itself has been dichotomized.
T he causal inference literature has provided theory and methods to estimate direct and indirect effects, [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] or, in other words, to assess mediation-the extent to which an exposure affects an outcome through a particular intermediate versus through other pathways. This literature in causal inference generalizes the existing methodological literature in the social sciences [12] [13] [14] by allowing for settings with interactions and nonlinearities and by clarifying the no-unmeasuredconfounding assumptions that are required for the estimation of such effects. The definitions of direct and indirect effects provided by the causal inference literature make use of potential or counterfactual outcomes, 15 generally conceived of as the outcome that would have arisen under various hypothetical, possibly contrary to fact, interventions. In the context of mediation, we consider the interventions on both the exposure and on the mediator. It is sometime stated that such potential or counterfactual outcomes are well-defined only to the extent that the investigator has clearly specified the intervention in view. 16, 17 Moreover, one's estimates of causal effects will reasonably correspond to the intervention envisioned only if the exposure that naturally occurred and an intervention to set the exposure to this same level would give rise to the same outcome. In the technical language of the causal inference literature, this is sometimes referred to as the "consistency" assumption. [17] [18] [19] These assumptions are problematic in settings in which there are multiple versions of the treatment or exposure, or, within the context of mediation, when there are multiple ways to set the mediator to a particular value if these different hypothetical interventions to fix the mediator to the same value may have very different consequences for the outcome.
For example, suppose the treatment were an educational intervention, the mediator a measure of classroom quality, and the outcome some measure of average test scores. In this context, there may be multiple ways to go about changing classroom quality (eg, giving the teacher additional coaching, replacing the teacher, providing a more adequate room for the class, etc.). Even if each of these interventions on the mediator resulted in the same level of classroom quality under some measure, they may have very different consequences for the test scores of the class. Conceived of another way, we have "multiple versions of the mediator." This creates difficulties for the definition and interpretation of direct and indirect effects in the counterfactual framework. It is not clear what is necessarily meant by mediation when there are many ways the mediator may take on a particular value and when these have very different effects on the outcome. As another example, Caffo et al 20 studied the extent to which the effects of cumulative lead exposure in organolead manufacturers on cognitive function scores was mediated by brain volumes. Here, with brain volumes as the mediator, it is not clear how to intervene on this variable or what set of potential hypothetical interventions we might consider. In these settings, multiple versions of the mediator create difficulties for the counterfactual-based approach to mediation analysis.
However, an approach has begun to develop within the causal inference literature to facilitate thinking about inference in settings with multiple versions of treatment. 19, 21, 22 In this paper, we extend and apply this approach to the question of mediation when there are multiple versions of the mediator. We will consider 2 settings: one in which there may be multiple ways to intervene on the variable taken as the mediator in the analysis, and one in which the actual mediator has been coarsened (eg, dichotomized) so that one value of the mediator measure corresponds to multiple values of the true mediator. The mathematics behind these 2 settings are essentially identical and so we will be able to consider both of them together. We will not consider the setting, addressed in some of the social science literature, in which multiple measures of an underlying latent mediator are available for each person in the study.
In what follows, we will use "version" to refer to the underlying true mediator or the set of interventions to fix the mediator value "mediator measure" to refer to the variable actually used in the analysis. We will assume that the investigator does not have access to data on "version" but proceeds with the estimation of direct and indirect effects with the data on the mediator measure available (eg, classroom quality or brain volumes, in the aforementioned examples), and we will consider the interpretation of the direct and indirect effect estimates that result. We will show that these effects can be interpreted as the effects that would have arisen had the version of the mediator been randomly selected from the distribution of the versions that arise naturally in certain subpopulations. In particular, we show that what is estimated as an indirect effect does, in fact, correspond to a particular mediated effect wherein the version of the mediator is randomly selected from the exposed with particular values of the measured mediator. However, we also show that what is estimated as a direct effect is, in fact, equal to the sum of a direct effect plus a mediated effect corresponding to the effect of the exposure on the outcome mediated by versions of the mediator that is not captured by the mediator measure itself. We will illustrate the implications of these results with a couple of mediation analyses in the literature.
DIRECT AND INDIRECT EFFECTS: NOTATION AND DEFINITIONS
In this section, we will review the definitions, assumptions, and estimation results from the counterfactual approach to mediation when there is a single well-defined intervention on the mediator. In the following section, we will consider how this approach is altered when there are multiple versions of the mediator. Here, we let A denote the exposure of interest; Y, the outcome of interest; and M, the potential mediator of interest. For example, A might denote cumulative lead exposure, Y might denote cognitive functioning test scores, and M might denote brain volumes. We will let C denote a set of baseline covariates not affected by the exposure. We will let Y a and M a denote the values of the outcome and mediator, respectively, that would have been observed had the exposure A been set to level a. We will let Y am denote the value of the outcome that would have been observed had exposure A been set to level a, and mediator M been set to level m. These counterfactual or potential outcome variables, Y a , M a , and Y am , all presuppose that at least hypothetical interventions on A and M are conceivable. A further assumption is often generally made, sometimes referred to as the "consistency assumption," such that when A ϭ a, the counterfactual outcomes Y a and M a are equal to the observed outcomes Y and M, respectively. We likewise assume that when A ϭ a and M ϭ m, the counterfactual outcome Y am is equal to Y. 6 This assumption will be relaxed somewhat in the following section.
The average controlled direct effect, conditional on covariates C ϭ c, comparing exposure level A ϭ 1 with A ϭ 0 and fixing the mediator to level m, is defined by E͓Y 1m Ϫ Y 0m ͉c͔ and captures the effect of exposure A on outcome Y, intervening to fix M to m; it may be different for different levels of m. 1, 2 The direct effect is always relative to the mediator M being considered (ie, through pathways other than M). The natural direct effect, 1,2 conditional on covariates C ϭ c, is defined as E͓Y 1M 0 Ϫ Y 0M 0 ͉c͔ and differs from controlled direct effects in that the intermediate M is set to the level M 0 , the level that it would have naturally been under some reference condition for the exposure, A ϭ 0. Similarly, the average natural indirect effect, conditional on C ϭ c, can be defined as E͓Y 1M 1 Ϫ Y 1M 0 ͉c͔, which compares the effect of the mediator at levels M 1 and M 0 on the outcome when exposure is set to A ϭ 1. For the natural indirect effect to be nonzero, the exposure would have to change the mediator and that change in the mediator would have to change the outcome; thus, natural indirect effects capture formally our notion of mediation. Natural direct and indirect effects are referred to by Robins and Greenland 1 as "pure direct effects" and "total indirect effects," respectively. Natural direct and indirect effects have the property that a total effect, E͓Y 1 Ϫ Y 0 ͉c͔, decomposes into a natural direct and indirect effect:
ϪY 0M 0 ͉c͔; the decomposition holds even when there are interactions and nonlinearities. The approach of Baron and Kenny 13 to direct and indirect effects, common in the social sciences, does not in general allow for effect decomposition in the presence of interactions and nonlinearities.
In general, stronger assumptions of no unmeasured confounding are required to estimate direct and indirect effects than total effects. The following 4 assumptions suffice to identify natural direct and indirect effects from data 2,6 : (i) the effect of the exposure A on the outcome Y is unconfounded conditional on C; (ii) the effect of the mediator M on the outcome Y is unconfounded conditional on C; (iii) the effect of the exposure A on the mediator M is unconfounded conditional on C; and (iv) there is no effect of the exposure that itself confounds the mediator-outcome relationship. Only assumptions (i) and (ii) are required to estimate controlled direct effects. More formal articulations of these assumptions in terms of counterfactual independence are given in Appendix 1. Under these 4 no-unmeasured-confounding assumptions, we can estimate direct and indirect effects from observed data. The natural indirect effect, conditional on covariates C ϭ c, is equal to
ie, the conditional expectation of the outcome, standardized by the distribution of the intermediate when A ϭ 1 versus when A ϭ 0. The natural direct effect, conditional on C ϭ c, is equal to: 
ie, the average difference in outcomes comparing A ϭ 1 with A ϭ 0, conditional on M ϭ m, C ϭ c. In the following section, we will consider the interpretation of these 3 quantities (Q 1 , Q 2 , and Q 3 ), when there are, in fact, multiple versions of the mediator.
In the setting in which there are no multiple versions of the mediator, the aforementioned quantities are equal to the natural indirect, natural direct, and controlled direct effects, respectively, provided again that assumptions (i)-(iv) hold. There are then a variety of ways to go about such estimation in practice. One particularly straightforward method is to use a regression model for the outcome Y and combine this with the results from a regression model for M. This approach essentially generalizes that of Baron and Kenny 13 (sometimes also called the "product method" in the social sciences literature), to allow for potential exposure-mediator interaction. Thus, for example, VanderWeele and Vansteelandt 6 showed that if assumptions (i)-(iv) hold, and if Y and M are continuous and the following regression models for Y and M are correctly specified:
then the natural indirect and direct effects, and the controlled direct effect, conditional on covariates C ϭ c, are respectively given as follows:
If there is no interaction between A and M so that 3 ϭ 0, then these expressions reduce to the expressions often used in the psychology literature: the controlled direct effect and the natural direct effect are both equal to 1 , and the natural indirect effect is 2 ␤ 1 . More general expressions for nonbinary treatment are given by VanderWeele and Vansteelandt, 6 along with standard errors for these estimators. VanderWeele and Vansteelandt 7 also give other expressions for a binary outcome Y, and Valeri and VanderWeele 23 give similar formulae when the mediator is binary. A more general approach, based on simulations rather than analytic formulae, is given by Imai et al. 9 Sensitivity analysis techniques are also available when the no-unmeasured-confounding assumptions are violated in order to assess the extent to which conclusions and estimates might be altered by confounding variables for which control has not been made. 7, 9, 11 
MEDIATION ANALYSIS WITH MULTIPLE VERSIONS OF THE MEDIATOR
Suppose now that for every possible value of the mediator, M ϭ m, there are potentially multiple interventions that allow M to be fixed at level m. We will let K denote the underlying version of the mediator. Several different values of K may correspond to the actual value of M (the variable M is effectively a coarsening of K). Suppose that K is the underlying version of the mediator, but we observe only M, our measurement of the mediator, and proceed with estimating direct and indirect effects using M. A causal diagram illustrating the relationships is given in the Figure. What then is the interpretation of the direct and indirect effects that we estimate using data only on M? The next several results provide an answer to this question.
In the results that follow, we will assume that the covariates C suffice for the analogs of no-unmeasured-confounding assumptions (i)-(iv) to hold with respect to the effects of A and K on Y. That is, we will assume: (i*) the effect the exposure A on the outcome Y is unconfounded conditional on C; (ii*) the effect the version K on the outcome Y is unconfounded conditional on C; (iii*) the effect the exposure A on the version K is unconfounded conditional on C; and (iv*) there is no effect of the exposure that itself confounds the version-outcome relationship. Formal statements of these in terms of counterfactual independence are given in Appendix 1. We note that it may be difficult to satisfy these no-unmeasured confounding assumptions in practice if we do not know what precisely are the versions of the mediator that may be present in a population; we will discuss this later in the text.
Before stating the results, it will be helpful to have a bit more additional notation. Let Y ak be the outcome that would have occurred if exposure had been set to level a and the version of the mediator to level k. Let G a be a random draw from the distribution of the version of the mediator that involves first randomly selecting a value of M from among those with A ϭ a and C ϭ c, and then randomly selecting a version of the mediator from among those with M ϭ m, A ϭ 1, C ϭ c. We will then let Y 1G a be the value of the outcome that would arise if the exposure is set to 1 and the version of the mediator is randomly selected from a distribution G a . Likewise, we will let Y 0G a be the value of the outcome that would arise if the exposure is set to 0 and the version of the mediator is randomly selected from the distribution G a .
Under assumptions (i*)-(iv*), we have the following results.
Result 1
Under assumptions (i*)-(iv*), the estimate Q 1 of the natural indirect effect using data on only the mediator measurement M is equal to
Result 1 states that under the no-unmeasured-confounding assumptions (i*)-(iv*), the quantity we think we are estimating as the natural indirect effect Q 1 , using data only on our mediator measurement M, is, in fact, equal to a type of mediated effect. It is equal to the effect of fixing the exposure to A ϭ 1 and then randomly drawing a version of the mediator from the distribution G 1 versus the distribution G 0 , where G 1 first randomly selects a value of M from among those with A ϭ 1 and C ϭ c, and G 0 first randomly selects a value of M from among those with A ϭ 0 and C ϭ c; but then once the value of M has been selected, each then randomly selects a version of the mediator from among those with M ϭ m, A ϭ 1, and C ϭ c. The expression is thus equal to a mediated effect, but with the versions of the mediator being drawn from the distribution of those with M ϭ m, A ϭ 1, and C ϭ c.
The next result gives an analog for the natural direct effect estimate, but as will be seen, the interpretation of the estimate now involves 2 parts.
Result 2
Under assumptions (i*)-(iv*), the estimate Q 2 of the natural direct effect using data on only the mediator measurement M is equal to
where Y 0H 0 is the value of the outcome that would arise if the exposure is set to 0 and the version of the mediator is randomly selected from a distribution H 0 that first randomly selects a value of M from among those with A ϭ 0 and C ϭ c, and then randomly selects a version of the mediator from among those with M ϭ m, A ϭ 0, and C ϭ c.
Contrary to Result 1 for the natural indirect effect, Result 2 for the natural direct effects says that if we proceed with the estimation of the natural direct effect using data only on the mediator measurement M (ignoring the different versions of the mediator), then what we think we are estimating as a natural direct effect is, in fact, the sum of 2 parts. The first part, (E͓Y 1G 0 ͉c͔ Ϫ E͓Y 0G 0 ͉c͔) in the aforementioned expression, is, in fact, a direct effect. It compares fixing exposure to A ϭ 1 with fixing exposure to A ϭ 0 when setting the version of the mediator to a value randomly selected from the distribution G 0 . It is an effect of the exposure not through the mediator. The second part of the aforementioned expression for Q 2 , namely, (E͓Y 0G 0 ͉c͔ Ϫ E͓Y 0H 0 ͉c͔), is however not a direct effect but a type of mediated effect. It involves comparing what the outcome would be if exposure were fixed to 0 and the version of the mediator were randomly set to some value from the distribution G 0 versus one from distribution H 0 . Recall G 0 involves first randomly selecting a value of M from among those with A ϭ 0 and C ϭ c, and then randomly selecting a version of the mediator from among those with M ϭ m, A ϭ 1, and C ϭ c; whereas H 0 involves first randomly selecting a value of M from among those with A ϭ 0 and C ϭ c, and then randomly selecting a version of the mediator from among those with M ϭ m, A ϭ 0 and C ϭ c. The difference between these 2 distributions is in the second step wherein a version of the mediator is randomly selected from among those with M ϭ m, A ϭ 1, and C ϭ c versus those with M ϭ m, A ϭ 0, and C ϭ c.
Essentially then, what this second piece of the expression for Q 2 picks up is the effect of the exposure on outcome mediated through the portion of versions of the mediator that is not captured by mediator measurement M. The result is in some sense intuitive. If we ignore versions of the mediator in our mediation analysis, then the effect of the exposure on the outcome that is through versions of the mediator K, but not through our mediator measure M, will, in fact, be picked up by our direct effect estimate rather than our indirect effect estimate. This point should be taken into account in the estimation and interpretation of direct and indirect effects when multiple versions of the mediator exist but are not incorporated in the analysis. As described at greater length in the Appendix, the quantities Q 1 and Q 2 do still add up to the total effect (as do the true natural direct and indirect effects), but Q 1 and Q 2 are no longer equal to the true natural indirect and direct effects, respectively, as Q 2 captures part of the effect that is mediated.
An analog somewhat similar to Result 2, in fact, holds for controlled direct effects.
Result 3
Under assumptions (i*)-(iv*), the estimate Q 3 of the controlled direct effect using data on only the mediator measurement M is equal to
where F 1 is a random draw of a version from the distribution P (k͉A ϭ 1, m, c) , and F 0 is a random draw of a version from the distribution P(k͉A ϭ 0, m, c).
The first part, E͓Y 1F 1 Ϫ Y 0F 1 ͉c͔ in the aforementioned expression, is a direct effect. It compares fixing exposure to A ϭ 1 with fixing exposure to A ϭ 0 when setting the version of the mediator to a value randomly selected from the distribution F 1 ie, of those with A ϭ 1, M ϭ m, and C ϭ c. The second part of the expression, E͓Y 0F 1 Ϫ Y 0F 0 ͉c͔, is a type of mediated effect. It involves comparing what the outcome would be if exposure were fixed to 0 and the version of the mediator were randomly set to some value from the distribution F 1 versus one from distribution F 0 ie, from among those with A ϭ 1, M ϭ m, and C ϭ c versus those with A ϭ 0, M ϭ m, and C ϭ c.
ILLUSTRATIONS Example 1. Dichotomization of the Mediator
When questions of mediation are of interest, investigators may, out of convenience, dichotomize a potential mediator. Such dichotomization raises questions with regard to the interpretation of the resulting estimates of direct and indirect effects. For example, Emsley et al 24 considered mediation in the Prevention of Suicide in Primary Care Elderly: Collabor-ative Trial (PROSPECT). They assessed whether the effect of randomized treatment (collaborative care management vs. treatment as usual), A, on the score from the Hamilton Depression Scale, Y, was mediated by adherence to antidepressants. In their analyses, they dichotomized adherence. They assumed no interaction between the effect of A and M on Y and obtained an estimate of the direct effect of Ϫ2.66 (standard error ϭ 0.93) and an estimate of the indirect effect of Ϫ0.49 (standard error ϭ 0.43). If there was indeed no exposure-mediator interaction, if assumptions (i)-(iv) for the mediator M were satisfied, and if adherence were truly captured by the binary indicator M, then their estimate of the direct effect would be equal to both the controlled and natural direct effect, and their estimate of the indirect effect would be equal to the natural indirect effect. However, dichotomization of the adherence is likely a coarsening of the actual underlying adherence and will likely not entirely capture the effects of adherence on the depression score. Conceived of another way, there are multiple versions of the adherence indicator M and multiple values of adherence that correspond to M ϭ 1, for example.
Using the theory from the previous section, we can consider the interpretation of the effect estimates of Emsley et al 24 when true adherence has been dichotomized for the purposes of the analysis. Suppose the no-unmeasured-confounding assumptions (i*)-(iv*) for the effects of treatment and adherence on depression scores hold; note that assumptions (i*) and (iii*) are guaranteed to hold by randomization of treatment. By Result 1, the indirect effect could then be interpreted as the contrast of having the new treatment, with the adherence indicator fixed to the value it would be with versus without the new treatment-in both cases choosing a particular value of actual adherence randomly from the distribution of those with that level of the adherence indicator, who actually received the new treatment, conditional on covariates (ie, A ϭ 1, M ϭ m, C ϭ c). By Result 2, the direct effect estimate is equal to the sum of (1) the contrast of the new treatment versus treatment as usual, in both cases with the adherence indicator set to the level it would have been with treatment as usual, with the specific actual adherence value randomly drawn from the distribution of those who actually received the new treatment, conditional on covariates, and (2) the effect of the new versus the standard treatment on the outcome mediated by adherence not captured by the adherence indicator itself.
Example 2. Unknown Versions of the Mediator
Caffo et al 20 studied the extent to which the effect of cumulative lead dose, A, for organolead manufacturing workers on executive cognitive function test scores, Y, is mediated by white-matter brain volume, M, using data from 513 manufacturing workers. Brain volume was measured using magnetic resonance imaging, which captures only brain volume differences and not more subtle neurobiologic changes to brain structure. Caffo et al control for a number of covariates, C, including age, education, smoking, and alcohol consumption, and use a regression-based approach similar to that in Equation 1 earlier in the text, but assuming no A ϫ M product term (ie, 3 ϭ 0) in regression models. They obtain an estimate of the direct effect of a 3.79-point decline (95% confidence interval ͓CI͔ ϭ Ϫ7.40 to Ϫ0.18) in executive functioning cognitive test scores per 1-g/g increase in peak tibia lead exposure, controlling for white matter in brain regions associated with lead; the indirect effect of lead exposure as mediated through white matter brain volume was a 1.21-point (P ϭ 0.01) decline in executive functioning cognitive test scores per 1-g/g increase in peak tibia lead exposure. If there was indeed no exposure-mediator interaction, if assumptions (i)-(iv) for the mediator M were satisfied, and if there were no multiple versions of the mediator, then their estimate of the direct effect would be equal to both the controlled and natural direct effect, and their estimate of the indirect effect would be equal to the natural indirect effect.
In this setting, however, there is no clear unambiguous way to conceive of hypothetical interventions on the mediator, brain volume. In fact, it is not clear what interventions would bring about changes to a particular level. The versions of the mediator are effectively unknown. What then is the interpretation of the indirect effect estimate of Caffo et al? 20 Let us, for the time being, suppose the no-unmeasuredconfounding assumptions (i*)-(iv*) for the exposure and the versions of the mediator with respect to the cognitive function outcome hold. Consider a one-unit change in peak tibia lead exposure. By Result 1, the indirect effect would then be interpreted as the contrast of cognitive functioning test scores between 2 scenarios. In both scenarios, lead exposure is set to the higher level, but then in one scenario, brain volume is fixed to the value it would have had with higher lead exposure, and in the other scenario, brain volume is fixed to its value with lower lead exposure, in both cases choosing a version of the mediator (to bring the specific brain volume about) randomly from the distribution of those who were actually at the higher level of lead exposure with that brain volume, conditional on covariates (ie, A ϭ 1, M ϭ m, and C ϭ c). By Result 2, the direct effect estimate is equal to the sum of (1) the contrast of the higher versus lower level of lead exposure, in both cases with brain volumes set to the level it would have been under the lower exposure using a version of the mediator (to bring the specific brain volume about) randomly from the distribution of those who were actually at the higher level of lead exposure with that brain volume conditional on covariates and (2) the effect of the higher versus lower exposure on the outcome mediated by the various versions of the manner in which the actual brain volume levels came about that was not captured by the brain volume measurement itself. The effects estimated by Caffo et al may have an interpretation as causal effects, albeit some-what subtle and complicated, even though there are multiple ways a particular level of white matter brain volume could come about and even though we are not able to comprehensively characterize what these various versions might be. These interpretations, however, do assume that our no-unmeasured-confounding assumptions hold with respect to the underlying unknown versions of brain volumes, and with the versions unknown, this assumption will be difficult to assess in practice. We come back to this point in the discussion.
DISCUSSION
We have considered the interpretation of estimates of direct and indirect effects when there are multiple versions of the mediator and these are not taken into account in the analysis. We have shown that what is estimated as a natural indirect effect does, under the relevant no-unmeasured-confounding assumptions, in fact, capture a mediated effect, with the version of the mediator randomly drawn from the distribution of versions that arises in the exposed population. Furthermore, we have shown that what is estimated as a natural direct effect is, in fact, the sum of 2 quantities, one of which can be interpreted as a direct effect and the other of which is essentially the effect of the exposure on the outcome mediated by the effect of the exposure on version that is not captured by the mediator measurement. It is important to keep this latter point in mind in interpreting estimates of direct and indirect effects when multiple versions of the mediator may be present. Of course, if data were available on the version of the mediator that, in fact, led to each particular mediator measurement, then analysis could proceed by simply replacing the mediator measurement by the version information and then proceeding with the standard set of techniques from the causal inference literature. [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] In most settings, however, this information will likely not be available, and the results here can then help inform the interpretation of the analysis.
The results here are important for 2 reasons. First, objections might be raised to the use of the counterfactual framework for mediation analysis in settings in which there are multiple versions of the mediator such that there is no single well-defined way to intervene on the mediator value of interest. 25, 26 The results here show that, although this context complicates analysis and interpretation, the use of the counterfactual approach to mediation analysis is still relevant in this setting. The results here help address violations of the no-multiple-versions-of-treatment assumption; some parallels with potential violations of nointerference assumptions are given in Appendix 2. Second, however, what is estimated in this context as a direct effect, in fact, picks up not only a direct effect but also a mediated effect through the versions of the mediator that is not captured by the mediator measurement. In many contexts, this may lead to an overestimate of direct effect and an underestimate of the indirect effect. Although this rule of thumb may be helpful in practice, it need not always hold. The effect mediated through the version of the mediator not captured by the mediator measurement will not necessarily be in the same direction as the natural indirect effect estimate through the mediator measurement. Indeed, it has been shown elsewhere that when a mediator variable is dichotomized, without further assumptions, the natural indirect effect can be biased either upward or downward, and likewise with the natural direct effect. 27 Arguably, the most substantial limitation of the approach described here is the set of assumptions of no unmeasured confounding. This is an important limitation of any analyses that addresses questions of direct and indirect effects. Sensitivity analysis techniques have been developed to assess the extent to which violations in these assumptions would affect the qualitative and quantitative conclusions drawn from the estimates of the direct and indirect effects. 7, 9, 11 However, in the context of multiple versions of the mediator, additional complications arise in that assumptions of no unmeasured confounding are being made with respect to the various versions of the mediator and not the mediator measurement itself. In many settings, an investigator may not be able to fully characterize all the possible versions of the mediator that may lead to a particular mediator measurement. In such cases, it will be very difficult to make assumptions about no-unmeasuredconfounding with any certainty when the variable with respect to which these assumptions are being made (the versions of the mediator) is not entirely known. Further work could perhaps be done in applying and extending sensitivity analysis techniques to this setting.
Appendix 1. Technical Details and Proofs
We let X Y͉Z denote that X is independent of Y conditional on Z. First consider the setting where there are no multiple versions of the mediator. Assumptions (i)-(iv) in the text, stated formally in terms of counterfactual independence on a causal diagram interpreted as a nonparametric structural equation model, 2 are: (i) Y am A͉C, (ii) Y am M͉{A,C}, (iii) M a A͉C, (iv) Y am M a* ͉C. Under these 4 assumptions, the natural indirect and direct effects and controlled direct effect are identified respectively by 2, 6 :
The right side of these 3 equalities was what was defined as Q 1 , Q 2 , Q 3 , respectively, in the text. These would be estimated by techniques from mediation analysis using data only on A, M, Y, and C. They are equal to the natural indirect and direct effects and the controlled direct effect, respectively, under assumptions (i)-(iv) mentioned earlier in the text. Now consider the setting in which there are multiple versions of the mediator. For each possible value m of M, there will be some set of possible interventions-some set of versions of the mediator-which would fix M to m; we might denote this set by m (and perhaps denote the various versions by 1, 2, 3, …, etc.). For an individual with M ϭ m, let K m be the version that actually occurred so that M was at level m; and if for that individual M was not level m, then we might arbitrarily define K m ϭ 0 so that there was no version of the mediator that set M to m since M was not level m. Following VanderWeele and Hernán 21 for multiple versions of treatment for total effects, we let K denote a vector (K m : m ʦ ᏹ) where ᏹ is the support of M. The vector K will thus be all zeros except at one place that corresponds to the value of the mediator that actually occurred for that individual. The variable M is effectively a coarsening of K, and thus we will have that Y and A are independent of M conditional on K as in the Figure. We can then let Y ak be the counterfactual outcome that would have occurred had A been set to a and K to k, and K a as the value of K that would have occurred had A been set to a. The no-unmeasured-confounding assumptions for A and K with respect to Y can then be given as: (i*) Y ak A͉C, (ii*) Y ak K͉{A,C}, (iii*) K a A͉C, (iv*) Y ak K a* ͉C. We can now prove the 3 results.
Proof of Results 1 and 2
Under assumptions (i*)-(iv*) we have that where the first equality follows by iterated expectations, the third by assumptions (i*) and (ii*). When a ϭ 1, then, by the definition of G a* , this is also equal to:
If data were only available on A, M, Y, and C, but not on version, then the estimators used for the natural indirect effect would be consistent for
thus establishing Result 1. If data were only available on A, M, Y, and C but not on version, then the estimators used for the natural direct effect would be consistent for
where the final line follows by adding and subtracting E͓Y 0G 0 ͉c͔, thus establishing Result 2. Note that assumption (iii*) is not strictly necessary for the proof of the result, but is necessary for interpreting an expression such as E͓Y 1G 1 ͉c͔ Ϫ E͓Y 1G 0 ͉c͔ as the effect of the exposure on the outcome mediated by version conditional on M and for interpreting E͓Y 0G 0 ͉c͔ Ϫ E͓Y 0H 0 ͉c͔ as the effect of the exposure on the outcome mediated by version not captured by mediator measurement M. Moreover, although we did not make use of assumption (iv*), if there were an effect of the exposure that confounded the mediator-outcome relationship, then assumption (ii*) would not hold conditional on the set of baseline covariates C and thus the derivations above would not follow.
Note that the estimators used for the natural indirect effect and the natural direct effect, Q 1 and Q 2 , do still add up to the total effect because
where the third equality follows by iterated expectations, the fourth by consistency, and the fifth by unconfoundedness of the exposure. Likewise, the true natural direct and indirect effects add up to the total effect essentially by definition:
However, the estimators used for the natural indirect effect and the natural direct effect, Q 1 and Q 2 , are no longer equal to the true natural indirect and direct effects, respectively, because Q 2 captures part of the effect that is mediated.
Proof of Result 3
If data were only available on A, M, Y, and C but not on version, then the estimators used for the controlled direct effect would be consistent for
where the second to last equality follows by assumptions (i*) and (ii*) and the final equality follows by adding and subtracting ⌺ k E͓Y 0k ͉c͔P (k͉A ϭ 1, m, c) . From the definition of F a we then also have that this is equal to:
thus, establishing Result 3. Another way to view the controlled direct effect estimand is thus as 2 parts. The first part is the controlled direct effect for the exposure on the outcome not through version, standardized by the distribution of the versions of the mediator among those with A ϭ 1, M ϭ m, C ϭ c. The second part is a comparison of the counterfactual E͓Y 0k ͉c͔ standardized by the distribution of versions among those with A ϭ 1, M ϭ m, C ϭ c versus among those with A ϭ 0, M ϭ m, C ϭ c. This once again picks up an effect of the 
Appendix 2. Parallels Between Violations of the No-multiple-versions-of-treatment Assumption and the No-interference Assumption
In the standard counterfactual or potential outcomes framework, 2 assumptions are generally made so as to have well-defined counterfactuals: no multiple versions of treatment and no interference. The first of these has been the focus of this paper. These 2 assumptions are sometimes referred to as stability assumptions. They are the 2 parts of what Rubin, in describing this potential outcomes framework called "SUTVA" (the Stable Unit Treatment Value Assumption). 28 The first assumption, no multiple versions of treatment, is that in whatever way the treatment is administered, it results in the same outcome for a particular individual. The second assumption, no interference, is that the exposure or treatment of one individual does not affect the outcomes of another. These 2 assumptions were traditionally made in all of the causal inference literature so that the potential outcomes notation was well defined and justified. However, in many settings, these assumptions are likely unreasonable, and work has recently been undertaken to address violations of both the no-multiple-versions-of-treatment assumption 19, 21, 22 and the no-interference assumption. 29 -35 In discussing the estimation of total effect in the presence of multiple versions of treatment, VanderWeele and Hernán 21 noted several common features between the no-multiple-versions-of-treatment and no-interference assumptions. First, both the no-interference assumption and the no-multiple-versions-of-treatment assumption are concealed by the standard potential outcomes notation and the assumptions are generally made implicitly by the use of such notation. Second, with suitable modification, violations of both assumptions can be accommodated by expanding notation. Third, in certain settings, violations of assumptions can be ignored, at least if only testing for causal effects is of interest. Fourth, once notation has been introduced to expand the potential outcomes framework to accommodate violations of either assumption, this can give rise to new effects of interest. See VanderWeele and Hernán 21 for further discussion of these points.
Here, we have further extended causal inference under "multiple versions" to settings in which mediation-direct and indirect effects-are of interest and where there are multiple versions of the mediator. In other work, mediation analysis techniques have been extended to settings that allow for interference and spillover effects for the effects of a mediator. 36 A comparison with this work gives rise to a new parallel between multiple versions and interference. In the context of interference, it was shown that, under certain assumptions, if there is interference such that the value of the mediator for one individual may affect the outcome of an-other, and this interference is ignored, then what is estimated as a natural direct effect, in fact, captures both the true natural direct effect and also a spillover mediated effect, ie, some of the mediated effect is picked up by the natural direct effect estimate. 36 Likewise, here, we have shown that if there are multiple versions of the mediator, and these are ignored in the analysis, then what is estimated as a natural direct effect, in fact, captures a direct effect and also a mediated effect through version that is not captured by the actual mediator measurement; once again, some of the mediated effect is picked up by the natural direct effect estimate. The 2 results are in some sense analogous. As theory for causal inference under violations of the no-multiple-versions or no-interference assumptions expands, additional parallels and correspondences may emerge. In contexts such as that considered here, these results can facilitate the interpretation of the results of analyses in complicated and more realistic settings.
